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Dynamics of Urban Density in China: Estimations
Based on DMSP/OLS Nighttime Light Data
Jiansheng Wu, Lin Ma, Weifeng Li, Jian Peng, and Hao Liu
Abstract—In China, rapid urbanization has increased the
demand for urban land and intensified the conflict between limited
land resources and urban development. In response, high urban
density has been proposed to realize sustainable urban develop-
ment. Achieving this goal requires an examination of the dynamics
of urban density in China. Nighttime light (NTL) data from the
Defense Meteorological Satellite Program/Operational Linescan
System (DMSP/OLS) are a good indicator of human activity. We
applied NTL data to measure urban density in 70 major cities in
China during 1992–2010. Based on temporal changes in NTL, we
identified seven classes of urban density and clustered the distri-
butions of urban density in 70 cities into six types. The dynamics
of urban density were then obtained from the GDP density as an
index of city development. The curves of urban density distribu-
tion gradually changed from a concave increase to W-shaped and
S-shaped to a concave decrease, indicating that the current urban
land use in China is unsustainable and that the shortage of land
resources must be addressed. An examination of the distribution
of urban density in Hong Kong revealed a different pattern and a
potential solution for cities in mainland China.
Index Terms—China, Defense Meteorological Satellite
Program/Operational Linescan System (DMSP/OLS), night
light, urban density, urbanization.
I. INTRODUCTION
U RBANIZATION emerges when many people move fromrural areas to urban areas [1]. The boom in urban dwellers
leads directly to an increasing demand for urban land to pro-
vide housing, infrastructure and services to new migrants as
well as improve the living standards of existing habitants [2].
Currently, this demand is mostly satisfied at the expense of con-
verting agricultural land, forests, grassland, wetlands, and open
space, which has increased dramatically in recent years and is
expected to continue in the coming decades [3]. However, if
green fields and arable land are continuously converted into
urban land regardless of future needs, environmental problems
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are inevitable [4], [5]. Urban sprawl breaks up what is left
into small portions that disrupt ecosystems and fragment habi-
tats, and causes air pollution since the car-dependent lifestyle
imposed by sprawl leads to increases in fossil fuel consumption
and emission of greenhouse gases [6], [7]. Many researchers
also believe that worldwide urbanization and the impact of
human settlements are two of the main causes of global environ-
mental degradation such as habitat loss and alteration, plant and
animal species extinction, and ecosystem disruption [8]–[10].
The conflict between urban expansion and environmental
protection is more serious in developing countries since the
population shift there is large and severe. China, e.g., has been
in rapid economic development and urbanization since the early
1980s [11]. The population living in urban areas was less than
20% of the entire nation at that time, while today the propor-
tion is approximately 50%. The fast growth of urban population
brings rapid urban land expansion and massive urban housing
and infrastructure investment, which is accompanied by sub-
stantive conversion of green-fields and prime agricultural land
into industrial and residential use [12]. The United Nations
predicted that the percentage of urban residents was expected
to be 60% by 2020, and the urban population would increase
350 million by 2025 with 219 cities having a population of more
than 1 million (compared to 35 cities in Europe) [13].
As China has one-fifth of the world’s population, its urban-
ization has a significant impact on global development. Thus
the interests in studying its urban development are growing,
and there is an urgent need for China to manage urban land.
This study highlights the utility of the Defense Meteorological
Satellite Program/Operational Linescan System (DMSP/OLS)
nighttime light (NTL) data to analyze the dynamics of urban
density in China during 1992–2010.
II. LITERATURE REVIEW
Urban density is mostly characterized by three indices. First
is population, such as inhabitant density [14] and employment
density [15]. Second is construction like housing density [16]
and road network density [17]. Third is the combination of
these two indices, e.g., the ratio of the number of high-rise
buildings or skyscrapers and the city’s population [18], and a
three-dimensional matrix consisting of road network density,
floor space index (building intensity), and ground space index
(building coverage) [17]. Since none of the above indices can
be used in a long time series study considering the availability
of data, we applied the DMSP/OLS NTL data to analyze the
dynamics of urban density in China.
The OLS sensor is part of the U.S. Air Force DMSP [19].
With a swath width of 3000 km, each OLS instrument can
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Fig. 1. Locations of 70 cities in China.
collect a complete set of images of earth twice a day [20].
As NTL data have a resolution of 30 arc seconds, which is
approximately a square kilometer at the equator, the data can
be applied in regional research. The satellite data are initially
used to produce nighttime cloud imagery, and the low light-
sensing capabilities of the OLS at night allow radiances to be
measured down to 10−9 W/cm2/sr [21]. Due to this high level
of sensitivity, the OLS has a unique capability for global map-
ping artificial lighting present at earth’s surface, such as that
generated by human settlements, gas flares, fires, and fishing
boats [22]. NTL data have been made since 1992, and each grid
of the data has a digital number (DN), ranging from 0 to 63,
which indicates the annual average NTL intensity [23].
Since the potential of NTL data as an indicator of human
activity was identified [24], many studies have been conducted
about the relationship between NTL data and key socioeco-
nomic variables, for instance, economic activity [25]–[27],
electricity consumption [28], [29], carbon emission [30], [31],
and gross domestic product (GDP) [32]–[34]. In particular,
population distribution and density has been a topic of inter-
est [35]–[41], and many studies have been conducted in China
[42]–[45]. Different from previous studies that focused on
urban density in a short duration, our study aims to examine
the dynamics of urban density over the past 19 years by using
the DMSP/OLS data.
III. STUDY AREA
The study was conducted in 70 major cities in China includ-
ing many provincial capitals and relatively populous cities
(Fig. 1). At the end of 2009, these cities had 34.06% of
the nation’s population and 65.07% of the GDP (excluding
Hong Kong, Macao, and Taiwan) [46]. Therefore, these cities
can represent the urban development in China.
IV. TESTING THE ABILITY OF DMSP/OLS NTL DATA
TO MAP URBAN DENSITY
There are two issues need to be considered in the applica-
tion of NTL data. One is the “overglow” effect, which can
be described as dim lighting detected from lights in surround-
ing areas through the scattering of lights in the atmosphere.
Townsend and Bruce [28] developed an overglow removal
model (ORM) to overcome the effect that based on the relation-
ship between light source strength and the “overglow” distance
from the light source to return the light to its source. The ORM
functions well in coastal cities such as Melbourne and Sydney
in Australia since there are no adjacent light sources to influ-
ence the approach. However, most cities in this study are inland,
so the distance from the light source is difficult to identify. In
reviewing previous studies [47], [48], the threshold method was
applied to reduce the effects of “overglow.” The pixels with
DN < 12 were excluded from analysis.
The other issue is the saturation in urban centers, where the
NTL might be brighter, but the DN values are all 63. Letu et al.
[49], [50] developed two kinds of cubic regression models to
correct the saturation: one method can only be applied at the
regional level, and the other is based on an assumption that sat-
urated areas did not change during the study period. Therefore,
neither of these two models can be used in the research that
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Fig. 2. Test results of population density and NTL data in 2003. Horizontal axle: population density (population per square kilometer) and vertical axle: NTL DN.
focuses on the study at the pixel level in China, a develop-
ing country with rapid urban expansion. Based on the rationale
that key urban features are inversely correlated with vegetation
health and abundance, the Human Settlement Index [51] and
the Vegetation Adjusted NTL Urban Index [52] were devel-
oped to reduce saturation, which combined MODIS NDVI and
NTL. But MODIS NDVI is not available before 2000, which
cannot be used to correct saturation for all data in the study
period. Consequently, it might need further study to develop a
method applicable at the pixel level for long time series. On
the other hand, since a major part of this study is the classifica-
tion of NTL data based on their DN, the saturated area would
be identified as urban centers with high values even without
correction. Therefore, the saturation would cause no significant
bias to the final results, and we think it is acceptable to use NTL
data without saturation correction.
It should be noted that when satellites or sensors age and
are no longer able to produce data, a replacement satellite is
deployed to ensure continuity. Thus, in some years, two satel-
lites collect data and two separate composites are produced.
Due to sensor degradation and the difference between the satel-
lites, NTL data collected by two sensors could be different
even when there are no real changes on the ground. Therefore,
the multitemporal NTL data must be calibrated before the test.
Furthermore, there is no onboard calibration on OLS, thus cali-
bration is necessary to ensure that the data of different years or
different satellites are comparable. The intercalibration method
proposed by Elvidge et al. [20] was applied in this research,
where the image produced by satellite F12 in 1999 of Sicily
is taken as the base reference since the whole image has the
wildest spread of DN values, which means satellite F12 in 1999
is able to observe evidence of changes of DN values, and the
light in Sicily changes very little over time, so the data from
other satellites in other years are adjusted to match the F121999
data range. After intercalibration, if two images were made in
1 year, their mean value was used.
In this research, urban density is characterized by population
density, if significant correlations exist between population den-
sity and NTL data, the NTL can be used to map urban density.
The data of population density are the 1 km2 grid maps in 1995,
2000, and 2003, provided by the Data Sharing Infrastructure
of Earth System Science, so the NTL images in 1995, 2000,
and 2003 are used. First, eight cities were chosen as testing
area, including Beijing, Dongguan, Jilin, Kunming, Lanzhou,
Qingdao, Wuhan, and Zunyi. Next the NTL data were divided
into 20–30 categories based on the DN values. We then ana-
lyzed the population density and the mean DN value in each
category by using the Statistical Package for the Social Sciences
(SPSS).
The results (due to space constraints, only the results in 2003
were shown in Fig. 2) imply that the NTL data are associated
with population density through several positive monotonic
functions [47], and therefore they can be applied to map urban
density in this study.
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Fig. 3. Flowchart showing major steps to map urban density distribution using multitemporal NTL images.
Fig. 4. Sum of light in China during 1992–2010.
We also noticed that the maximum of population density in
these cities are different. The reasons may be that each city
has its specific history, culture, citizens’ living habits, and natu-
ral environments such as topography and climate. Furthermore,
because we conducted the study in the urban areas of the
most developed cities in China, the land use conditions are
similar. So, we believe the urban density in these cities is
comparable.
TABLE I
INPUT DMSP/OLS NTL DATA FROM 1992 TO 2010
V. METHODOLOGY
The analysis consists of two steps and is summarized in
Fig. 3.
A. Classification of Multitemporal NTL Data Using Iterative
Isodata Clustering Algorithm
Since the lighting in China steady grows during 1992–2010
(Fig. 4) [32]–[34], we used NTL images at 3-year intervals
as input (Table I) to simplify the data processing. An iter-
ative unsupervised classification that used Isodata clustering
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Fig. 5. Representative temporal signatures of noises: (a) with a trend of decrease and (b) with a duration of decrease equal to or longer than half of the
entire period.
Fig. 6. Temporal signatures of three basic urbanization trajectories.
algorithm [51], [53] was applied to classify the multitempo-
ral NTL data. The iterative technique involved removing noise
after each classification and classifying the remaining NTL data
based on the DN value. First, the clusters with DN < 12 in the
entire period were removed to reduce “overglow” effects. As
the lighting in China keeps growing in recent years, the clus-
ters with temporal signatures against this general trend were
identified as noise, which assumed to be caused by system bias
and not included in further analysis. Since there was no region
remaining constant during 1992–2010 in the study area, the
noise was defined as those whose temporal signatures had a
trend of decrease [Fig. 5(a)] or a duration of decrease equal to
or longer than half of the entire period [Fig. 5(b)].
After removing the noise, we first divided the remaining data
into three basic clusters based on the urbanization trajectories
around the world (Fig. 6). The temporal signature of the decel-
erated growth class is a convex shape, which indicates a fast
development in early years. Regions with a high level of urban-
ization such as urban cores are supposed to be in this class.
In contrast, the accelerated growth class represents regions that
develop fast in recent years, so its temporal signature has a con-
cave shape. The steady growth class is the region where urban
population and economy exhibit much change, so its signature
tends to be a straight line. Considering the rapid urbanization
in China, the de-urbanization, which has a decline in urban
population, is not considered.
To further analyze the temporal changes of NTL data under
the general trend of urbanization, we then subdivided these
Fig. 7. Temporal signatures of the final classification.
three clusters. Apparently, dividing the data into many clus-
ters would reveal detail information about urban density, but
make multitemporal signatures complex and difficult to ana-
lyze. Thus, a proper number of clusters are necessary. Our
method was to subdivide each of the three clusters on the
premise that their multitemporal signatures do not cross, on
which we would have a further discussion later in this paper.
B. Classification of Urban Density Distribution Using SPSS
After classification of multitemporal NTL data, the munic-
ipal boundary was overlaid to get the classification results in
each city. Assuming the multitemporal NTL images are divided
into M clusters, the classification results in each city can be
characterized in the form of a ratio
RatioI =
NI
NS
× 100% (1)
where NI is the area of a particular NTL cluster, I = 1, 2, . . . ,M
and NS is the sum of NI.
The distribution of urban density in the 70 cities can be
presented in the form of an M-dimensional array
Urban Density Distributionj = (Ratio1, Ratio2, . . . ,RatioM)
(2)
where j = 1, 2, . . . , 70.
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Fig. 8. Final classification man in Beijing–Tianjin–Hebei region.
TABLE II
URBAN DENSITY DISTRIBUTION IN SHENZHEN, BEIJING, WUHAN, AND TANGSHAN
We then used the hierarchical cluster analysis based within-
groups linkage of the SPSS to cluster cities that had similar
distribution of urban density, since it can better distinguish the
difference between cities.
VI. RESULTS
The multitemporal NTL data are classified into seven types
(Fig. 7). A final classification map for part of Beijing–Tianjin–
Hebei is shown in Fig. 8. The green regions (Class 1–Class 3)
have highest DN values and convex-shaped temporal signa-
tures, which are likely to be urban cores with high urban
density. The DN values in red regions (Class 4–Class 6) grow
rapidly in the study period and their temporal signatures are
straight lines. The blue regions are Class 7; its concave shaped
curve indicates a fast growth in recent years.
The distribution of urban density in the 70 cities was then
calculated, part of which was shown in Table II. Through SPSS
clustering analysis, the 70 cities are divided into six groups
(Fig. 9). There are 9, 14, 17, and 26 cities in Groups A, B, C,
and D, respectively. Group E has three cities: Shanghai, Beijing,
and Guangzhou, and only Shenzhen is in Group F.
VII. DISCUSSION
A. Dynamics of Urban Density Based on GDP Density
As an important indicator of city development, GDP was
applied to obtain the dynamics of urban density. To reduce the
influence of city area (if two cities are in the same level of devel-
opment, the city with larger area would have higher GDP), the
GDP density was used, which was defined as
GDP density = G2 + G3
A
(3)
where G2 and G3 are the GDP of secondary industry and ter-
tiary industry. Since primary industry including agriculture,
forestry, and fishing rarely occurs in urban area, the GDP of
primary industry is not considered. A is the area of a par-
ticular city, which is recorded in the China city statistical
yearbook.
Based on the assumption that developed cities have higher
GDP density than developing cites, we ranked the 70 cities
based on their GDP density and explored the relationship
between urban density and city development. Fig. 10 shows the
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Fig. 9. Six groups of cities through SPSS analysis.
Fig. 10. Seventy cities ranked by GDP density in the group of 10 cities.
rank in the group of 10 cities. In the lowest level of GDP den-
sity, which represents the primary stage of development, most
cities are in Group A. The major kind of each group gradually
changes to Group B, Group C, and Group D as GDP den-
sity grows, which implies that the distribution of urban density
changes with development. Both Group E and Group F are in
the highest level of GDP density, so they are likely to be the
most developed cities.
Based on this trend, we calculated the average distribution
of each city group to further analysis the dynamics (Fig. 11).
As the only city in Group F, Shenzhen has seen rapid economic
growth since it became a special economic zone in 1979. In
the last 19 years, the annual growth of GDP and population
in Shenzhen are as high as 21.79% and 7.61%, respectively.
However, along with the soaring development, large amount
of land resources have been used. According to the “Urban
Planning of Shenzhen (2010–2020),” the unused land area is
predicted to be only 26.36 km2 in 2020, which is only 1.35%
of the total land area. The land resource shortage has become a
serious problem of city development.
There are three cities in Group E. Since their population
density and GDP density are lower than that of Shenzhen, we
consider them as the second most developed cities. The curve
of urban density distribution (Fig. 11) shows that the area with
decelerated growth and steady growth is equal to more than
90% of the total area, thus the urban density in Group E may
become similar to that of Group F without future control mea-
sures. Taking Guangzhou and Shanghai as examples, according
to the China City Statistical Yearbook [46], [54], the population
in Guangzhou and Shanghai in 2010 increased by 170% com-
pared with 1992. The population growth would bring huge
demand for urban facilities and land and lead to the rise in urban
density.
The GDP density and urban population density of Group B,
Group C, and Group D are all higher than that of Group A and
lower than that of Group E. Since the difference between their
GDP density and urban population density was small, it is diffi-
cult to measure the development between them, so we consider
them to be in a same period of development but with different
trajectories.
The distribution of urban density of Group A is opposite to
that of Group F, and since these cities have lowest GDP density
and urban population density, we believe that Group A is in the
primary period of city development.
B. Is There a Better Pattern for Chinese Urban Land Use?
The dynamics of urban density indicate that much land has
been densely used in the last 19 years, and the problem of land
resource shortage is serious as cities develop and hold more
people. Though only Shenzhen is in Group F, we believe that
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Fig. 11. Dynamics of urban density with city development. Horizontal axle: Class of multitemporal NTL data and vertical axle: Ratio of area (%).
Fig. 12. Temporal signatures of Hong Kong.
the current urban land use in China is unsustainable without
controlling method.
The political, economic, and cultural environments in Hong
Kong are different from cities in mainland China, so it is not
included in the study. However, we found that Hong Kong
had approximately 7 097 600 people at the end of 2010 [55]
and its entire area was merely 1108 km2 [56]. Furthermore,
its GDP density was 15.78× 108 Hong Kong dollars (about
12.62× 108 Chinese Yuan) per square kilometer [57], which
means the land in Hong Kong has higher urban density than all
70 cities in this research.
To consistent with the previous analysis, the multitemporal
NTL data in Hong Kong during 1992–2010 were classified into
seven clusters using the same method. Different from mainland
cities, the urban density in Hong Kong is stable (Fig. 12) and
the distribution curve shows an “U” shape (Fig. 13), which indi-
cates that the major part of the urban land is with high density
like the cities in Group E and Group F, but more than 10% of
the total land has low density. Compared with Group E and
Group F, we believe that the “U” shape is a better pattern for
urban land use and urban density distribution, since it has both
Fig. 13. Curve of urban density distribution in Hong Kong.
high urban density area, which caused by population gathering
and city development, and a certain amount of land as reserved
resource, which is essential for sustainable development.
C. NTL Data Saturation and Classification
Since the classification of urban density is based on the DN
value, the saturation of NTL data does not largely affect the
recognition of urban centers and the classification of urban
density distribution after. Since there is no correction method
applicable in long time series study at the pixel level, the satura-
tion effect is not considered in this study. However, to get more
accurate discoveries, the saturation correction is still needed.
In the classification process, we divided the multitemporal
NTL data into seven clusters. If the data were classified into dif-
ferent number of clusters, their temporal signatures would also
change. Fig. 14 shows the results of four clusters and ten clus-
ters. It is obvious that more clusters would have more complex
temporal signatures, but they all match with the general urban-
ization trajectories. To clearly recognize and further compare
different temporal changes of DN values, we classified the data
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Fig. 14. Temporal signatures of different classification: (a) four clusters and (b) ten clusters.
into seven clusters and got the “parallel” temporal signatures
(Fig. 7), which shows the trend of urbanization and is easy to
analyze at the same time.
VIII. CONCLUSION
Multitemporal DMSP/OLS data can be used to map urban
density in China at city level. Urban regions with higher popu-
lation density tend to have higher NTL brightness. By dividing
the multitemporal NTL data based on temporal changes in
NTL brightness, our results verified the ability of DMSP/OLS
night lights for reflecting three basic urbanization trajectories:
decelerated growth, steady growth, and accelerated growth.
Moreover, our analysis revealed six kinds of urban density dis-
tributions in 70 major cities in mainland China, which fall into
four categories: concave increase, W-shaped, S-shaped, and
concave decrease. As city gathering more people and GDP,
the urban density distribution tends to change from concave
increase through W-shaped and S-shaped to concave decrease.
Though part of the process is not clear, we believe that by
integrating more socioeconomic variables and analysis, more
discoveries can be made about the dynamics of urban den-
sity. The dynamics of urban density indicated that the overall
urban land use in China is unsustainable and the shortage of
land resources must be addressed. Furthermore, we analyzed
the urban density in Hong Kong and considered it as a better
pattern for city development since there was a certain amount
of land with low urban density kept as reserved resources under
its general high urban density.
In addition, there are two challenges for applications of
DMSP/OLS data in assessment of local scale urbanization pro-
cesses: the saturation in bright cores of urban centers and
“overglow” effect. Therefore, further studies on correction
methods applicable at the pixel level and for long time series
are needed.
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